Introduction
The quality of foods prepared for the consumer industry is dependent of the quality of the components used for making the final products. These components are sometimes adulterated with similar cheap components by small greedy business people and suppliers. The consumers are not in a position to detect these inexpensive components in the foods to which he/she pays a high price for.
Fats and oils belong to one of the oldest classes of chemical compounds used by human beings, 1 and fall in this category of compounds with adulteration problems. Chemically, most of the fats and oils are glycerides of tri-hydroxy alcohol, namely glycerol. They are quite alike, and when oils are blended it is often difficult to detect the components in the blend. The greedy suppliers often conceal their action of adulteration by selecting cheap oils and fats that can give final products that satisfy the conventional analytical constants, such as refractive index, saponification number and iodine value etc. 2 Olive oil is one of the oils that have been subjected to adulteration by seed oils for a long time. Although the adulteration is done for economic reasons, the action affects the quality of the foods where olive oil is a component. Furthermore, health implications of adulteration of olive oil with seed oils are other concerns. The adulteration of olive oil caused food poisoning in Spain 3, 4 in 1981, which resulted in several deaths and caused serious illnesses among people.
The above discussion clearly stresses the importance of finding a way to detect adulteration, so that the quality of the olive oil used in preparing different foods is of guaranteed quality. There are several different methods used in the detection of adulteration. They include the iodine value, the saponification value, colorimetric reactions etc. as well as refractive index, density, and viscosity measurements. 5 Furthermore, UV and florescence spectrometry have also been used. 5 As mentioned above, the suppliers can adulterate pure olive oil to a higher degree to give acceptable analytical values that can give an OK quality to the adulterated oil as pure olive oil.
Techniques such as high-performance liquid chromatography (HPLC) and gas chromatography (GC) 6 have also been used in identifying adulterants. 6 These techniques are expensive and time consuming. There have been several attempts to find more rapid and efficient methods for the detection of olive-oil adulteration. This includes the use of infrared spectrometry, both in the mid-and near-infrared regions. 7 The mid-infrared (MIR) region where the fundamentals of functional groups appear has long been used for food analysis. Foods and other compounds of bio origin, mainly composed of lipids, carbohydrates, proteins, and water, give rise to absorptions characteristic of these components. [7] [8] [9] [10] [11] The use of MIR in the analysis of oils and fats goes back to 1955. 2 A number of MIR spectra of fats and oils have been reported. 12, 13 Both the MIR and NIR regions of the electromagnetic spectrum have been explored for the analysis of fats and edible oils. An overview of the applications of MIR spectroscopy to oils and fats can be found elsewhere. 7 The overtones and combinations of the functional groups CH, OH and NH present in food samples give rise to absorptions in A new procedure has been developed for the classification and quantification of the adulteration of pure olive oil by soya oil, sun flower oil, corn oil, walnut oil and hazelnut oil. The study was based on a chemometric analysis of the nearinfrared (NIR) spectra of olive-oil mixtures containing different adulterants. The adulteration of olive oil was carefully carried out gravimetrically in a 4 mm quartz cuvette, starting with pure olive oil in the cuvette first. NIR spectra of the 525 adulterated mixtures were measured in the region of 12000 -4000 cm -1 . The spectra were subjected batch wise to multiplicative signal correction (MSC) before calculating the principal component (PCA) models. The MSC-corrected data were subjected to Savitzky-Golay smoothing and a mean normalization procedure before developing partial leastsquares calibration (PLS) models. The results revealed that the models predicted the adulterants, corn oil, sun flower oil, soya oil, walnut oil and hazelnut oil involved in olive oil with error limits ±0.57, ±1.32, ±0.96, ±0.56 and ±0.57% weight/weight, respectively. Furthermore, the PCA developed models were able to classify unknown adulterated olive oil mixtures with almost 100% certainty. Quantification of the adulterants was carried out using their respective PLS models within the same error limits as mentioned above. the NIR region. The low absorbance of the overtone and combination NIR bands allows one to use NIR spectroscopy for the non-destructive analysis of raw samples. NIR spectra generally contain a number of broad and overlapping bands. The nature of these bands makes quantitative analysis difficult. This is because the extraction of an absorption arising from a particular functional group from other overlapping bands is not straight forward. However, with the development of chemometrics, the data handling became easy and sophisticated, and an explosion of applications in food analysis emerged. 13 All of these applications illustrate how small changes are exploited by multivariate data analysis for the predicting a parameter that causes these changes.
MIR in combination with chemometrics has been used for detecting olive oil adulterants. 15, 16 Lai et al. 15 demonstrated the potential of MIR spectroscopy for the quantitative determination of the levels of olive oil and walnut oil in extravirgin olive oil. Tay et al. 16 applied discriminant analysis and PLS techniques to spectroscopic profiles in the regions of 3100 -2800 and 1800 -900 cm -1 for the classification and quantification of sunflower adulteration in olive oil. During the past few years, the potential of NIR spectrometry in combination with chemometrics has been explored for the classification of edible oils and the quantification of adulterants in olive oil.
17-22 Sato 23, 24 used PCA on NIR spectroscopic data of vegetable oils in the region of 1600 -2200 nm for their classification. Sato et al. 25 have also used NIR absorptions at 1164, 1660, 2144 and 2176 nm arising due to cis unsaturated fatty acid moieties to detect foreign fat adulteration of milk. Here, in this application, second-derivative data at these wavelengths were correlated to the mixing ratio of margarine in butter, and soya milk in milk. They found that the adulteration could be predicted to a precision of 3%.
Bewig et al. and Chen et al. 17, 19 used the NIR spectral profiles to predict quality parameters of vegetable oils. In another application, Bewig et al. 18 used a four-wavelength calibration for classifying four different vegetable oils. Wesley et al. 3 used the combination for determining corn oil, sun-flower oil, and raw olive residue oil adulteration in extra-virgin olive oil. A similar approach was used to determine sunflower oil, rapeseed oil, and soybean oil adulteration in extra-virgin olive oil. 20 In the above two applications, the classification and determination of the degree of adulteration were carried out using the firstderivative spectral profiles. The samples were prepared as adulterations by these oils in 5% steps. Within the error of prediction, the gaps in the degree of adulteration used in the calibration samples appear to be relatively large. Recently, Downey et al. 22 used discriminant analysis and PLS for the classification and quantification of sunflower adulteration in extra-virgin olive oil. The accuracy in the prediction of adulteration in controlled experiments with one olive oil and one adulterant reported in the literature varied from 1.72 to 4.15%. Wesley et al. 3, 20 showed that they could predict adulteration with an accuracy of 4.15%. Yang and Irudayaraj determined the adulteration of olive pomace oil in extra-virgin olive oil with an accuracy of 1.72%, and Tay et al. 16 predicted the adulteration of sunflower oil in olive oil with an accuracy of around 2%.
The correlation between the NIR profiles and the quality parameters 17, 19 clearly show that the quality parameters of oils can be used to detect adulteration in olive oil. However, this has not yet been studied. Our interest has been to apply NIR spectroscopy and chemometrics to identify and improve the calibration procedures for detecting adulteration in olive oil.
In the present study, we investigated the adulteration of olive oil by corn oil, soya oil, sun flower oil, walnut oil and hazelnut oil. It was demonstrated that one can detect an adulterant in an oil sample and predict its degree of adulteration using NIR spectroscopy in combination with chemometrics. Instead of preprepared calibration mixtures, the mixtures needed were made by an addition method gravimetrically in a measuring transmission cell. A quartz cell of 4 mm path length was used for the measurements. This not only provided intense NIR bands, but also allowed us to measure a large number of mixture spectra for a calibration. The measured infrared spectra were subjected to several different spectral pretreatment procedures, including double-derivative techniques, to identify the best procedure for the classification of unknown oil and for the quantification of the degree of adulteration in olive oil. Furthermore, we opted to use PLS calibration methodology to calibrate the NIR spectral profiles against adulteration because of the fact that PLS calibration gives optimum results compared to many other multivariate calibration methods.
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Experimental
Samples and measurements
Olive oil was purchased from Wako Pure Chemical Industries, Ltd., Osaka, Japan; hazelnut oil from Anglia Oil Ltd., England; walnut oil from Leon Frenkel Ltd., Belvedere, Kent, England. Corn oil, soya oil and sunflower oil were purchased from local super markets.
Olive oil was quantitatively weighed in a 4 mm quartz cell, and its NIR spectrum was measured. Then, a small amount of the chosen adulterant was added to the oil and the mixture was shaken well. The amount of added adulterant was determined by weighing a syringe containing the adulterant before and after injecting the adulterant in the measuring cell. The addition and NIR spectral measurements continued until the cell was nearly filled with the oil mixture. The cell was then washed and dried before starting the next series of measurements, where an adulterant was put in the cell first and then olive oil was added drop-wise. In this way, we were able to cover the whole range of adulteration from 0 -100% weight/weight. The same was repeated with each adulterant.
The NIR measurements were made using a transmittance technique in the region of 12000 -4000 cm -1 by using a Bruker Vector 22/N FT-NIR spectrometer equipped with a Ge diode detector. A total of 32 scans were collected on each sample with a spectral resolution of 4 cm -1 . The quartz cell was thermostatted at 25˚C during the measurements.
The OPUS (ver. 3.1: Bruker Optik GmbH, Germany) software program was employed for spectral data collection. A total of 120 NIR spectra were acquired for each adulterant.
Data analysis
The obtained spectral data were converted into files for the Unscrambler (ver. 7.08: CAMO AS, Trondheim, Norway) software program. The NIR spectra were then subjected to a partial least-squares calibration with the adulterant percentage as the dependent variable in limited spectral regions with different data pretreatment methods. All of these different procedures were evaluated to find the spectral region and the data pretreatment method that give the best prediction and classification. The following procedure was found to serve the purpose of quantification and classification of an adulterant in olive oil in an acceptable manner.
The following four steps describe the procedure adapted in the present work. First, each set of spectra (in the region of 9000 -
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ANALYTICAL SCIENCES JUNE 2004, VOL. 20 4550 cm -1 ) of olive oil containing an adulterant was modelled by a partial least squares (PLS) algorithm for one dependent variable (PLS1). In this step, all NIR spectra were subjected to Savitzky-Golay smoothing (18 points, 2 orders) before multivariate data analysis. Each adulterated spectra of olive oil containing one of the adulterants soya oil, corn oil, walnut oil and hazelnut oil, was subjected to a multiplicative signal correction using the mean spectrum of the set. The spectra of olive oil containing adulterant sun flower oil were subjected to mean normalization. The spectra were then subjected batchwise to PLS calibration modelling. In this procedure, a total of 75 and 30 spectra from each set were selected for calibration and validation, respectively. The remaining 15 spectra from each set were set aside for classification. In the second step, the calibration spectra of all the five sets were subjected to only an MSC correction before applying a principal component analysis (PCA). Then, in the third step, the classification samples were classified using the PCA model. In the final step, the classified samples were quantified for the identified adulterant in the oil mixtures.
Results and Discussion Figure 1 shows some NIR spectra of olive oil adulterated by walnut oil in the region of 12000 -4500 cm -1 . The assignments for the relevant NIR bands are given in Table 1 . 22, 26, 27 There are very small differences near 5260 cm -1 . These small differences can easily be exploited by multivariate data analysis. As indicated above, the spectra in the region 9000 -4550 cm -1 , 937 ANALYTICAL SCIENCES JUNE 2004, VOL. 20 instead of portions of spectra as used in the classification of oils by Sato 23, 24 and Bewig et al., 17 were used. When an oil sample is adulterated, whether the changes in the profiles are small or large, the whole spectrum of the pure sample is affected. Partial least-squares calibration plots of olive oil adulterated by sun flower oil, soya oil, hazelnut oil and walnut oil are shown in Fig. 2 . The statistics of these calibrations are given in Table 2 . The figures and the table reveal excellent correlations between the measured and predicted values of the adulterants in olive oil.
Loading plots for the same oil mixtures given in Fig. 2 are shown in Fig. 3 . These plots show that the small differences in the models used for calibrations mostly come from the overtones and combinations of the -CH2-and CH3-stretchings in the oil glycerides. The compositions of the vegetable oils vary with the different fatty acids in the glyceride molecules. Different oils have different fatty acid compositions, and there should be differences in the intensities of bands arising from the overtones and combinations of the CH3-and -CH2-stretching vibrations. However, in reality, these differences appear to be smaller than expected, and the smaller percentage of the variances (PLS components 3, 4 and 5) is responsible for explaining the variances in the adulterant concentrations. The loading plots reflect the smaller changes in the NIR spectra arising from the addition of adulterants in olive oil. It appears that the spectral profile changes throughout the whole spectral region. This is an indication that using the whole spectra with suitable data handling may give a better prediction than using a part of the spectra, or absorptions at single wavelengths, or wave-number positions.
The calibrations gave excellent predictions for the percentages of adulterants when predicted by the relevant models. One should understand that these prediction calibration models are restricted to the olive oil and the adulterants used in this work.
The results of the PCA on data sets containing all five sets of the oil spectra are shown in score plots (Fig. 4) . Three principal components explain 99% of the variance in the spectral data. The plot shows that the oils are grouped according to their adulterants. Furthermore, the relative closeness between the groups gives an idea as to whether it is easy to detect the identity of an adulterant in an adulterated olive-oil sample. The plot reveals that the multivariate profiles representing the oils are clearly separated, and form five different classes in multivariate space. closeness of the group to the olive-oil sample indicates the closeness of the composition of the pure olive oil and the adulterant. Obviously, the fatty acid profile of the walnut oil adulterant seems to differ more than the fatty acid profiles of the other adulterants. Apart from one of the walnut adulterated olive oil sample, all 74 samples were correctly classified. A near 100% prediction of the adulterants was achieved.
In practice, the identities of the olive oil and the adulterant are not known when a sample of olive oil is bought from a retailer. There are several countries producing olive oil, and the fatty acid compositions in these olive oils vary. However, if a particular producer is interested in finding certain adulterants in his product, this can be easily solved by establishing calibration models with the olive oil concerned and the adulterants concerned.
Conclusion
We have shown above that the adopted procedure can classify and quantify adulterants in olive oil samples. A classification of oil mixtures according to the adulterants was achieved with almost 100% certainty in this case, and the degree of adulterant in the mixtures was achieved within acceptable error limits. A similar approach may be developed for other adulteration problems in the edible oil industry. When the potential adulterants can be identified in an environment, it is easy to establish calibration models. The problem becomes difficult when the identity of the adulterant is not known. In such circumstances some ground work is needed to identify the adulterant. Obviously, gas-chromatographic techniques will be opted for such purposes. Once the adulterant is identified, then further analysis involving quantification of the adulterant can be effectively carried out using a procedure described in this paper.
